The replicability of findings in experimental psychology can be improved by distinguishing sharply between hypothesis-generating research and hypothesis-testing research. This distinction can be achieved by preregistration, a method that has recently attracted widespread attention. Although preregistration is fair in the sense that it inoculates researchers against hindsight bias and confirmation bias, preregistration does not allow researchers to analyze the data flexibly without the analysis being demoted to exploratory. To alleviate this concern we discuss how researchers may conduct blinded analyses (MacCoun and Perlmutter in Nature 526: [187][188][189] 2015). As with preregistration, blinded analyses break the feedback loop between the analysis plan and analysis outcome, thereby preventing cherry-picking and significance seeking. However, blinded analyses retain the flexibility to account for unexpected peculiarities in the data. We discuss different methods of blinding, offer recommendations for blinding of popular experimental designs, and introduce the design for an online blinding protocol.
In recent years, large-scale replication studies revealed what some had foreseen (e.g., Ioannidis 2005) : psychological science appears to suffer from a replication rate that is alarmingly low. For instance, the Open Science Collaboration (2015) showed that out of 100 replication studies, only 39 supported the conclusions that were drawn in the original article (but see Etz and Vandekerckhove 2016 ; see also Camerer et al. 2018) . Similarly disappointing results were obtained for specific subfields (e.g., Marsman et al. 2017; Klein et al. 2018; Nosek and Lakens 2014) , and for particular effects (e.g., Eerland et al. 2016; Harris et al. 2013; Matzke et al. 2015; Meyer et al. 2015; de Molière and Harris 2016; Shanks et al. 2013; Unsworth et al. 2015; Wagenmakers et al. 2016 , among many others).
One of the contributing factors to the low replication rate is that researchers generally do not have to state their data analysis plans beforehand. Consequently, the reported hypothesis tests run the risk of being misleading and unfair: the tests can be informed by the data, and when this happens the tests lose their predictive interpretation, and, with it, their statistical validity (e.g., Chambers 2017; De Groot 1956 /2014 Feynman 1998; Gelman and Loken 2014; Goldacre 2009; Munafò et al. 2017; Peirce 1883 Peirce , 1878 Wagenmakers et al. 2012) . 1 In other words, researchers may implicitly or explicitly engage in cherry-picking and significance seeking. To break the feedback loop between analysis plan and analysis outcome, and thus prevent hindsight bias from contaminating the conclusions, it has been suggested that researchers should tie their hands and preregister their studies by providing a detailed analysis plan in advance of data collection (e.g., De Groot 1969) . In this article, we argue that in addition to preregistration, blinding of analyses can play a crucial role in improving the replicability and productivity of psychological science (e.g., Heinrich 2003; Perlmutter 2015, 2017) .
Preregistration
The preregistration of analysis plans ensures that statistical analyses are designed independently of specific data outcomes. Preregistration is an important component of the Transparency and Openness Promotion guidelines (Nosek et al. 2015 ; see also Munafò et al. 2017 ) that over 800 journals and societies currently have under consideration. Moreover, the journal Psychological Science has adopted a preregistration badge, and in a recent editorial, Steve Lindsay stated that "Personally, I aim never again to submit for publication a report of a study that was not preregistered." (Lindsay 2015 (Lindsay , p. 1827 .
Preregistration comes in different forms, ranging from unreviewed preregistration, where researchers upload their plans to an online archive with time stamp, to Chris Chambers' "Registered Report" format (Chambers 2013 (Chambers , 2015 Lindsay et al. 2016; van't Veer and Giner-Sorolla 2016) which over 195 journals have now adopted. 2 This especially attractive form of preregistration allows authors to initially submit for publication their introduction and method section together with a detailed data analysis plan. After review and successful revision the authors obtain "In Principle Acceptance", which ensures that the eventual publication of the paper does not depend on the critical outcome (but it does depend on the data being of sufficiently high quality, where "quality" is unambiguously defined up front). This way the Registered Report prevents both data-dependent analyses as well as publication bias while rewarding researchers for ideas and execution rather than outcome.
Lack of flexibility in preregistration
Preregistration is a powerful and increasingly popular method to raise the reliability of empirical results. Nevertheless, the appeal of preregistration is lessened by its lack of flexibility: once an analysis plan has been preregistered, that plan needs to be executed mechanically in order for the test to retain its confirmatory status. The advantage of such a mechanical execution is that it prevents significance seeking; the disadvantage is that it also prevents the selection of statistical models that are appropriate in light of the data. Consider the scenario where the data violate the statistical assumptions underlying the planned analyses in one or more unexpected ways. For instance, sequences of response times may show a pronounced and unanticipated fatigue effect. It is evident that modeling the fatigue effect is good statistical practice, but the presence of a fatigue effect was not foreseen in the preregistered analysis plan. This deviation from the analysis plan means that the appropriate statistical analysis has to be downgraded from confirmatory to exploratory.
Two recent high-profile examples of studies where the preregistered analyses had to be discarded due to unexpected peculiarities of the data come from the Reproducibility Project: Cancer Biology, organized by the Open Science Framework. First, Horrigan et al. (2017) investigated if a specific antibody treatment reduces the growth of tumors in mice. The results of their replication attempt could not be interpreted because the authors had to deviate from the preplanned analyses since several mice showed spontaneous tumor regressions and therefore had to be excluded from the analysis. Second, Aird et al. (2017) attempted to replicate the clinical benefit of a specific cancer treatment. The authors planned to compare medical parameters from mice that received the treatment with untreated controls by means of a paired analysis. However, due to unexpected early deaths in the control group the authors had to move from the preregistered paired analysis to an unpaired analysis.
The core problem is that preregistration does not discriminate between "significance seeking" (which is bad) and "using appropriate statistical models to account for unanticipated peculiarities in the data" (which is good). Preregistration paints these adjustments with the same brush, considering both to be data-dependent and hence exploratory.
An alternative to preregistration: blinding analyses
To address the lack of flexibility inherent to preregistration, we follow MacCoun and Perlmutter (2015) and argue for the broader adoption of a technique known as analysis blinding. Similar to preregistration, analysis blinding serves to prevent significance seeking and to inoculate researchers against hindsight bias and confirmation bias (e.g., Conley et al. 2006; Robertson and Kesselheim 2016) . But in contrast to preregistration, for confirmatory tests analysis blinding does not prevent the selection of statistical models that are appropriate in light of the observed data. We believe that blinding, in particular when combined with preregistration, makes for an ideal procedure that allows for flexibility in analyses while retaining the virtue of truly confirmatory hypothesis testing. The remainder of this article is organized as follows. We first comment on how biases can enter the research process, and then list the different types of blinding that have been proposed to prevent this from happening. Next we propose specific implementations of blinding for popular experimental designs, and illustrate the use of blinding with a hypothetical example study that showcases how preregistration can be fruitfully combined with blinding. Finally, we propose an online registration protocol for blinding procedures.
How biases enter the research process
In the classic text "Experimenter Effects in Behavioral Research", Rosenthal (1966) discusses how a researcher's biases can influence the result of a study. On the one hand, such biases can influence the behavior of participants: through study design and task instructions, researchers may transmit and impose their own biases onto their participants. On the other hand, a researcher's biases can also influence the conclusions that are drawn from the observations: researchers project their biases while observing and coding behavior, analyzing and interpreting data. These biases might exert their effects outside of researchers' awareness, which makes them particularly insidious.
Researchers' biases can harm the reliability of results at different stages of a study (Schulz and Grimes 2002; Miller and Stewart 2011) . During the data production stage, participants can be influenced, intentionally or not, to behave according to expectations (Orne 1962) . During the measurement stage, for example when the observed data are submitted to a coding scheme, expectations of the coders can influence the results (Hróbjartsson et al. 2012) . For both stages at which biases lurk, blinding procedures have been proposed as a remedy (Barber 1976) : If neither the participant, nor the experimenter knows which experimental condition is administered, biases at the data production and measurement stage can be prevented. Such double blind designs are the gold standard in medical trials and are recommended in the widely adopted guidelines provided by the International Council for Harmonisation (ICH).
A third stage at which biases can influence a study's result is the analysis stage. Researchers may unwittingly compromise the interpretation of their results by cherrypicking among conditions, variables (Bakker et al. 2012; Bohannon 2015) , variable transformations, analyses, statistical thresholds, outlier criteria, and samples sizes (i.e., optional stopping; but see Rouder 2014) . Such cherry-picking can turn statistical analysis into "a projective technique, such as the Rorschach, because the investigator can project on the data his own expectancies, desires, or biases and can pull out of the data almost any 'finding' he may desire" (Barber 1976, p. 20) .
For the purpose of this article, it is irrelevant whether cherry-picking is performed intentionally, as we believe may be suggested by the term "p-hacking" (Bakker and Wicherts 2011; Head et al. 2015; Simmons et al. 2011) , or whether researchers have the best intention but nevertheless get lost in what Gelman and Loken (2014) termed "the garden of forking paths", where the data take control over the analysis and steer it in a direction that appears worth pursuing. Regardless of whether or not bias was introduced intentionally, its end effect is the same: an overly optimistic impression of a study's result.
Preventing bias by analysis blinding
All methods of analysis blinding aim to hide the analysis outcome from the analyst. Only after the analyst has settled upon a definitive analysis plan is the outcome revealed. A blinding procedure thus requires at least two parties: a data manager who blinds the data and an analyst who designs the analyses. By interrupting the feedback loop between results and outcomes, blinding eliminates an important source of researcher bias. The unbiased nature of the blinding procedure is symbolized by Lady Justice in Fig. 1 (see Resnik and Curtis 2016 for a historical overview and a critique of the blindfold symbolism in law). A detailed cartoon of a blinding procedure is presented in the "Appendix".
The idea of blinding analyses goes back several decades. Indeed, as early as 1957, Sainz, Bigelow, and Barwise introduced to medicine the term "triple blind" design, referring to the procedure in which the participants, the experimenter, as well as the analyst are blind to the experimental manipulations. Blinding analyses has not become as widespread as single and double blind designs, but it is commonly advocated as a tool in medical research, for example in the CONSORT reporting guidelines (Moher et al. 2010 ; see also Gøtzsche 1996) . In nuclear and particle physics, blinding of data in the analysis stage is common practice (e.g., Dunnington 1937, p. 501; Akerib et al. 2017; Heinrich 2003; Klein and Roodman 2005) . In other fields, including psychology, blinding of analyses is exceedingly rare. In experimental psychology, our literature search revealed only a handful of studies reporting blinded analyses (van Dongen-Boomsma et al. 2013; Dutilh et al. 2017; Moher et al. 2014 ).
Methods of analysis blinding
Analyses may be blinded in various ways and the selection of the appropriate blinding methodology requires careful thought. As Conley et al. (2006, p. 10) write: "[...] the goal is to hide as little information as possible while still acting against experimenter bias." Thus, a first consideration is how much to distort a variable of interest. The distortion should be strong enough to hide any existing effects of key interest, yet small enough to still allow for sensible selection of an appropriate statistical model (Klein and Roodman 2005) . A second consideration is that some relationships in the data may need to be left entirely untouched. For example, in a regression design it is important to know about the extent to which predictors correlate. If this collinearity is not part of the hypothesis, the applied blinding procedure should leave it intact.
Below we outline different blinding procedures and discuss their advantages and limitations. We then propose the blinding methods that are most suitable for popular designs in experimental psychology. For a similar attempt in physics see Klein and Roodman (2005) .
Method 1: Masking a subset
Each blinding method is illustrated using a fictitious example featuring data of students from different schools who performed a math test. For each of the students, an estimate of their IQ is also available (Fig. 2 ). Blinding can be achieved when the data manager masking a subset. The analysis plan is designed using a subset of the data while the remainder of the data has been masked by the data manager splits the data into a calibration set and a test set ( Fig. 2) , similar to what happens in the model-selection technique known as cross-validation (e.g., Browne 2000; Yarkoni and Westfall 2017) . For the design of an appropriate analysis plan, the analyst is given access only to the calibration set. Once the analyst has committed to a specific analysis plan, the data manager provides the data from the test set, and the proposed analysis plan is then applied mechanically, without any adjustment, on the test set. Importantly, the final conclusions depend exclusively on the analysis outcome for the test set. A special case of this procedure is an exact replication study: the complete analysis procedure is defined by the original experiment and is applied unchanged to data from the replication attempt. The main benefit of masking a subset is that it can be executed with relatively little effort, and that it is certain to prevent any feedback from results to analysis.
One drawback of this procedure, which is shared by cross-validation as a modelselection technique, is that it is not clear how to determine the relative size of the calibration and test set. A second drawback is that, once the relative size has been decided upon, the data manager should resist the temptation to examine the two sets and 'correct' perceived imbalances in particular characteristics. The third and main drawback of this procedure is that the construction of the calibration set costs data. For example, a study initially thought to have sufficient power (or sufficiently high probability of finding compelling evidence, see Stefan et al. 2019) , may become underpowered in light of a split-half cross-validation technique in which 50% of the data have to be sacrificed to construct the calibration set.
One way to alleviate this problem is to simulate data based on a small calibration set and design the analyses on the basis of these simulated data (Heinrich 2003) . This simulation procedure, however, involves a range of non-trivial choices that might lower the representativeness of the simulated calibration set.
In conclusion, the advantage of masking a subset is particularly pronounced for the analysis of large data sets with ample opportunity for significance seeking. In such cases, the costs of subset-masking are low (as the test set will still be sufficiently large so as to draw confident conclusions) and the benefits are substantial.
Method 2: Adding noise
A straightforward method of blinding is where the data manager adds random noise to all values of the dependent variable. For example, in Fig. 3 , noise is added to the dependent variable 'Score'. The proper amount of noise will mask any real effects in the data, such that, when executed on the contaminated data, the blinded analysis is unlikely to show the predicted effect. After the analyst has settled on a data analysis plan, the data manager supplies the original data and the analysis plan is mechanically executed on the original data.
For this blinding method, the precise amount of noise is of critical importance. For example, consider a researcher who compares test scores of children on different schools (dummy data presented in Fig. 3 ). When the added noise is drawn from a uniform distribution between, say, −.1 and .1, this would not hide existing effects. On the other extreme, when the added noise is drawn from a uniform distribution between, say, −1000 and 1000, not only would all effects be hidden, but the noise would also dramatically alter the distributional properties of the score variable. As a result, the analyst is no longer able to define a sensible outlier removal protocol or choose an appropriate transformation for the test score variable. In physics, a related blinding method is known as 'salting', a process that adds fake events to the data set (Akerib et al. 2017 ).
Fig. 3
Blinding method 2: adding noise. The analysis plan is designed using 'blinded score', a version of the dependent variable to which the data manager has added noise
Fig. 4
Blinding method 3: masking labels. The analysis plan is designed on a data set for which the data manager has masked the labels of the factor levels. In this example, school labels A, B, and C are replaced by Z, Y, and X, respectively
Method 3: Masking labels
Another straightforward method of blinding is achieved by masking or shuffling the level labels of an experimental factor. By masking the condition labels, the data stay entirely intact but the analyst does not know whether the effects she finds are in the expected direction. Figure 4 illustrates how the labels of the different schools have been masked by the data manager before the analyst is allowed to access the data.
One drawback of this method is that the analyst is still able to see whether or not there are significant effects between the cells. If the researcher prefers to find any effect over no effect, this method will not stop this bias from influencing the results. Practically, this drawback disappears when factors with many levels are studied. For example, an anthropologist who studies in which countries people are the most generous might use this blinding method and mask the country indicators.
Method 4: Adding cell bias and equalizing means
A relatively subtle method of blinding is to add the same random number to all observations within the same cell of an experimental design in order to "shift the answer" (Heinrich 2003) . Consider the researcher who studies the difference between test scores from students on three different schools ( Fig. 5 ). To blind the data analysis, the data manager could change the means in each condition by adding a random number to each of the observations, for instance +10 to all observations from condition A, −15 to all observations from condition B, and +3 to all observations from condition C. This implementation of cell bias leaves the distribution of test scores for the three schools intact. At the same time, the right amount of bias will obscure the differences between the groups. The analyst is unable to search for significance, because the avail- Blinding method 4: adding cell bias. The analysis plan is designed using 'blinded score', a version of the dependent variable to which the data manager has added cell-specific bias able group differences may just reflect cell bias that was injected by the data manager. As for the method of adding noise, the distribution from which these cell biases are chosen is crucial. Specifically, too little noise will not blind the analyses. In addition, adding cell bias obscures only the location of the dependent variable. If the mean of the dependent variable is correlated with its spread (e.g., for a response time distribution, the standard deviation generally increases with the mean; Wagenmakers and Brown 2007) , then the data analyst can use the spread to discover the hidden information about the mean.
A special way to shift the answer is by removing all effects that are present in the data set such that the mean is equal for all cells. This equalizing of means results in a blinded data set in which the null-hypothesis is true by construction. One advantage of the equalizing of means method is that a biased analyst cannot p-hack data that were blinded in this way. On the contrary, the imposed truth of the null hypothesis can serve as a sanity check: any analysis that supports an effect of the experimental manipulation here must be reconsidered.
Note that when the means of the criterion variable have been equalized, an absolute outlier exclusion rule can no longer be used for this variable. For instance, consider a situation in which response time is the criterion variable. The blinding prevents the analyst from knowing the absolute response times. This lack of knowledge makes it impossible to argue from the data that, say, 1200 ms is a good cutoff for outlier removal. Instead, the analyst needs to either formulate a relative outlier criterion, for instance removing the 1% slowest responses, or to formulate an absolute criterion based on theoretical grounds.
Still, no form of adding cell bias provides a bullet-proof solution, as the true ordering of means may sometimes be reconstructed from aspects of the data that the means are correlated with (e.g., the ordering of the standard deviations).
Method 5: Shuffling of variables
A versatile and effective method of blinding is to shuffle the key variables, while leaving the remaining variables untouched (Fig. 6 ). This procedure can be applied to both correlational and factorial designs.
Shuffling variables in a correlational design For correlation or regression analyses, both predictor or criterion variables can be shuffled. Any correlation with a shuffled variable is based on chance, which breaks the results-analysis feedback loop. When the design is bivariate, it does not matter which variable is shuffled. However, in the case of a multiple regression, it is preferable to shuffle the criterion variable, so that eventual collinearity of the predictors stays intact and can be accounted for. An example of such blinding is performed in Dutilh et al. (2017) , who studied whether people's scores on a working memory task can be predicted by response time and accuracy on a simple two-choice task. Only the criterion variable (i.e., score on a working memory test) was shuffled, whereas the collinearity of the predictor variables (i.e., response time and accuracy) could be explicitly accounted for by a cognitive model. Relative to blinding methods that add noise to observations, shuffling of a variable has the advantage that the distributional properties of the variable stay intact.
Shuffling variables in a factorial design For a factorial design, one can shuffle the predictor variable(s) across observations, that is, randomly permute the condition labels for all participants. The result is a blinded data set in which all differences between cells of the factorial design are based on chance. Shuffling factorial predictors, however, might lead to a misrepresentation of the distributional properties of the original data set. Consider the analyst who plans to perform an ANOVA comparing the Fig. 6 Blinding method 5: shuffle variables. The analysis plan is designed using 'shuffled rows', a version of the dependent variable that was shuffled by the data manager test scores on three different schools. Assume that the test scores from the three schools are very different, but within each school, there is a highly skewed distribution of test scores, violating the normality assumptions of an ANOVA. When the analyst would model the data without blinding, he or she would rightfully decide to transform the test scores before executing the ANOVA. With the condition indicator shuffled, however, the true skew of the test scores for the individual schools might be warped by mixing the three differently skewed distributions. As a result, the analyst may recommend an inappropriate transformation.
Method 6: Decoy data analyses
This overarching method addresses a potential problem with many of the blinding methods described above, namely that particular aspects of the blinded data are defined by chance. Depending on chance, the blinding procedure might eliminate existing effects, induce effects where none exist, or change the direction of effects. Consequently, some of the blinded data sets may not be representative of the original data and hence provoke the stipulation of an analysis plan that is inappropriate. For example, the blinding method might have distorted the distributional shape of the data.
To address this issue, MacCoun and Perlmutter (2017) proposed a procedure that we call decoy data analysis. 3 Here the analyst works with multiple data sets (e.g., six), one of which is the original data set. A suitable blinding method makes it impossible to reliably identify the original data set from among the blinded decoys. By working with multiple blinded data sets as well as the original data set, the analysis that is planned is certain to be appropriate for the original data set. 4
Application to standard designs in experimental psychology
The various blinding procedures come with advantages and disadvantages, the relative importance of which depends on the experimental design. Below we recommend specific blinding methods for the three standard inferential situations in psychology and the social sciences more generally: regressions, contingency tables, and ANOVA designs. Our recommendations are meant as a starting point, as the specifics of the research design sometimes require tailor-made methods. Only when more studies apply blinded analysis techniques will we learn what methods (or what combination of methods) are most appropriate.
Regression designs
When one or more continuous variables are assumed to predict a criterion variable we argue that the best method of blinding is to shuffle the criterion variable Y and leave the predictors intact (i.e., method 5 'shuffling of variables' above).
Consider again the study by Dutilh et al. (2017) , who set out to test whether elementary processing speed (as measured by performance on a perceptual two-choice task) predicts working memory capacity. Performance on the perceptual task was measured by response time and accuracy, whereas working memory capacity was measured by a single composite score obtained from a battery of memory tests. The data manager blinded the analysis by shuffling the working memory capacity variable and then sent the shuffled data set to the analyst. The analyst was free to explore different ways to model the relation between response time and accuracy. The analyst was also free to account for peculiarities in the distribution of working memory capacity (e.g., eliminate outliers). Once the analyst was satisfied with the statistical procedure, he shared the intended analysis plan with the co-authors by publishing it online. The blind was then lifted and the planned procedure was applied without any changes to the original version of the working memory variable.
A similar situation often occurs in neuroscience, when researchers seek to study the correlation between behavior and particular measures of brain activation. Much like in the example above, there is a need for flexibility of analysis on one side of the regression equation. For example, when functional MRI signals are to be correlated with behavioral measures, the rich fMRI data first need to be preprocessed and compressed, and this can be done in many different plausible ways (Carp 2012; Poldrack et al. 2017) . When behavior is measured with one variable such as a test score, the easiest way to blind the analyses is to shuffle this test score variable. The analyst is then free to explore different ways to process the fMRI data without unduly and unwittingly influencing the results concerning the correlation with the criterion variable.
The situation becomes only slightly more complicated when there is a need for flexibility at both sides of the regression equation. Consider for instance a study that aimed to relate activity in certain brain regions to behavior as reflected in the parameters of a cognitive model (e.g., Forstmann et al. 2008) . Here, both the neural analyses and the cognitive modeling require flexibility of analysis. In this case, the solution is to keep the variables of interest intact for each participant at each side of the equation. Blinding is achieved by shuffling the case identifier, thereby destroying the connection between the brain activity and behavior. Note that another effective way to destroy this connection is to involve two analysts, one who receives the neural data, and one who receives the behavioral data; only after both analysts have completed their work are the results brought together.
Contingency tables
For fully categorical data, we again recommend to shuffle the dependent variable. For example, when studying whether class attendance ('always', 'sometimes', 'never') predicts whether students 'pass' or 'fail' a course, it is convenient to shuffle the pass/fail variable. Table 1 shows fictitious original data. Table 2 shows how this table could look after shuffling the pass/fail variable.
Note that this shuffling ensures that the margin counts are kept intact. This way the analyst is given access to the total number of students who pass and fail, and the total number of students who reported to attend class never, sometimes, and always. The analyst is then free to decide on sensible outlier removal criteria and variable transformations without having to fear that unconscious biases unduly influence the analysis outcome. For example, the analyst might want to merge two very similar categories since one of these has very few counts.
ANOVA designs
The ANOVA design is ubiquitous in experimental psychology. In the simplest scenario, the ANOVA concerns a comparison between the means of two groups (i.e., a t-test). For example, a researcher may seek to study whether people who hold a pen between their teeth perceive cartoons to be funnier than do people who hold the pen between their lips (Wagenmakers et al. 2016) . In this design, it is essential to use a blinding technique that distorts the mean perceived funniness in each group. Distortion of the cell means could be achieved by shuffling the condition indicators (holding a pen or not). However, because this shuffling of condition indicators will also distort the form of the within-cell distributions of the dependent variable, we propose for ANOVA designs to equalize the cell means. This way, the effects of interest are masked while the distribution of the data is left intact. The easiest way to equalize cell means is by setting them all to zero, i.e., subtracting the cell mean from each observation. Importantly, the coordinator does not adjust variables that are not the focus of the hypothesis, thereby allowing the analyst the freedom to use these extra variables sensibly. For example, the answers to an exit interview can be used to exclude participants.
Still, even after equalizing the means a particularly determined analyst may still try and learn the identity of the conditions (e.g., by considering the spread of the distributions), after which the resulting analyses are again susceptible to bias. Therefore, in addition to equalizing means, we recommend to shuffle the labels of the factor levels. For instance, in the pen study the analyst would not know whether a particular participant was in the 'teeth' condition or in the 'lips' condition.
Blinding as integral part of preregistration
Below we analyze fictitious data to illustrate the strength of blinding when combined with preregistration. The example shows how blinding can prevent a real and substantial effect from being downgraded from a confirmatory to an exploratory finding. 5 A comprehensive assessment of the strengths and weaknesses of the different blinding methods demands a series of Monte Carlo simulations similar to those presented in MacCoun and Perlmutter (2017) . In such simulations one can vary effect size, sample size, direction of effect size, and particular aspects of the design or the data. Such an in-depth assessment is beyond the scope of the present work.
Blinding and preregistration in a hypothetical research project
Consider the following hypothetical research project, preregistered but without a blinding procedure: An experimental psychologist aims to test the hypothesis that priming participants with the concept of god makes them more willing to help others (Shariff and Norenzayan 2007). More interestingly, the psychologist hypothesizes that this positive effect is attenuated by paying participants for their participation, a speculation motivated by the work of Deci et al. (1999) who suggested that monetary incentives decrease participants' intrinsic motivation. To test this hypothesis, the psychologist measures helpfulness by the amount of time that a participant voluntarily commits to perform extra tasks for the experimenter. The design has two factors with two levels each: god prime vs. no god prime and monetary reward vs. no reward. The hypothesis is defined as an interaction, such that the size of the boost in helpfulness due to the god prime depends on whether or not participants get payed for their participation.
In order to protect herself from publication bias in case the results turn out in favor of the null-hypothesis, the psychologist submits her proposal as a Registered Report (https://osf.io/rr/). The preregistration protocol includes a sampling plan (i.e., testing 50 participants in each cell of the design for a total of 200 participants) and an analysis plan (i.e., a two-factor ANOVA, where the dependent variable is the time that participants voluntarily commit). The protocol states that the hypothesis is said to be supported when the ANOVA interaction of god prime and payment condition shows a p value lower than .05. Similar studies in the past had performed the exact same analysis. The preregistered proposal is reviewed and eventually accepted by the editor, who rewards the psychologist with "In Principle Acceptance" conditional on a data quality check involving a significant ( p < .05) main effect of the god-prime manipulation. 6 The collected data are depicted in the four left-most histograms of Fig. 7 (simulated  data) . The researcher notices that the data are heavily skewed but is required to execute the preregistered analysis plan, which produces the ANOVA output shown in Table 3 .
The psychologist is disappointed to find that none of the effects are significant at the .05 level. She decides to deviate from the preregistered analysis plan and log-transform Fig. 7 after a log-transformation the dependent variable (i.e., the number of minutes volunteered) to account for the obvious skew. The right four histograms of Fig. 7 show that the transformation indeed removed the skew of the dependent variable. The means and their 95% confidence intervals for both the raw and the log-transformed data are shown in Fig. 8 . The ANOVA on the log-transformed data leads to the result in the Table 4 . The ANOVA on the transformed data shows the effect precisely as predicted: the data quality check is met (i.e., there is a significant main effect of the god-prime manipulation with p = .0031) and, more importantly, there is a significant interaction between the payment and god-prime manipulations (i.e., p = .0222) in the expected direction, supporting the hypothesis that the payment reduces the effect of the god prime on helpfulness. 7 The psychologist now has a serious problem: the analysis with the log-transformation cannot be reported as a preregistered confirmatory analysis. Instead, in the results section of the preregistered study, the researcher has to conclude that the confirmatory test did not show support for the hypothesis. In the section "exploratory results", the ANOVA on the log-transformation is reported with the encouragement to carry out a confirmatory test of this hypothesis in future work.
This unsatisfactory course of events could have been prevented by adding a blinding protocol to the preregistered analyses plan. The blinding protocol could outline that in the blinded data set the cell means will be equalized and the condition labels will be shuffled, as recommended above. This blinding procedure would have enabled the analyst to observe the extreme right skew of the data, while offering the flexibility to explore several transformations before settling on a definite analysis plan. Because these transformations were all applied on a properly blinded version of the data, the results could still have been presented as truly confirmatory.
Incentivizing blinding
The example above illustrates that, in addition to guarding against bias, blinding can also prevent confirmatory findings from being demoted to exploratory findings. Thus, for preregistered studies there is a strong incentive to include a blinding protocol. In studies that are not preregistered, however, the incentive to apply blinding may not be readily apparent, and the blinding procedure itself may seem relatively involved. We now present the structure of an online blinding protocol that facilitates blinded analyses.
Online blinding protocol
We propose an online blinding protocol that allows researchers to declare the blinding procedure they follow and receive a certificate. The protocol kills two birds with one stone: The protocol serves science by making explicit the difference between exploration and confirmation, and it serves the scientist by convincing editors, reviewers, and colleagues that the reported results are untainted by bias.
The protocol is easy to follow. The only requirement is that there are two actors involved: (1) the data manager, who has the access to the original data set and (2) the analyst, who designs the analyses and has no direct access to the original data set. The protocol consists of three steps, preferably preceded by a preregistration step (see Fig. 9 ). Fig. 9 An online protocol for data blinding. In three steps, the blinding procedure is standardized and registered. The full transparency is awarded with a blinding certificate Phase 0 In case of a Registered Report, the study's method and analysis plan are preregistered, including the blinding protocol. All of this is peer-reviewed and revised if required.
Phase 1
The data manager creates a project on the online blinding portal. She uploads the raw data that is kept private until Phase 3. Then, she uploads the blinded data, which become publicly available. By signing an online contract, she declares that she did not share the raw data or sensitive information about the blinding procedure with the analyst.
Phase 2
The analyst downloads the blinded data and designs the analyses based on that data. When she is satisfied with the analysis plan, she uploads it to the online blinding portal. By signing an online contract, she declares that she did not have access to the raw data or sensitive information about the blinding procedure when designing the analyses.
Phase 3
The raw data are revealed to the analyst, so that she can apply her analysis plan. If both data manager and analyst agree, at this point the data are also made publicly available. A blinding certificate is issued in the form of an online document that describes the blinding procedure followed. The data manager and author can include a link to this certificate in the manuscript that reports the results.
Thanks to the blinding certificate, the reader of the eventual report can trust that specific analyses were performed without knowledge of the outcome. This is important, since only when an article precisely reports how analyses are performed (as advocated in Moher et al. 2010) , can the results be interpreted appropriately. Sadly, the reader of psychological articles is currently most often blind to which analyses, data transformations, and exclusion criteria have been tried before the authors settled upon the reported analyses. Thus, the online blinding protocol presents a promising opportunity to unblind the reader.
Signing the contract does of course not prevent cheating. In principle, researchers could sign the contract, but still perform all the hazardous post-hoc practices described earlier. Thanks to the signing of the contract, however, these questionable research practices are now clearly classified as scientific misconduct and cannot be engaged in unwittingly.
This article advocates analysis blinding and proposes to add it to the toolbox of improved practices and standards that are currently revolutionizing psychology. We believe that the blinding of analyses is an intuitive procedure that can be achieved in almost any study. The method is of particular interest for preregistered studies, because blinding keeps intact the virtue of true confirmatory hypothesis testing, while offering the flexibility that an analyst needs to account for peculiarities of a data set. Nonetheless, for studies that are not preregistered, blinding analyses can substantially improve the rigor and reliability of experimental findings. Blinding allows a sharp distinction between exploratory and confirmatory analyses, while allowing the analyst almost complete flexibility in selecting appropriate statistical models.
We are aware that, as any other method to improve the reliability of science, blinding is not a silver-bullet solution. One problem that is not overcome by blinding alone is that a single analyst will generally select a single analysis method and report the results from a single model. This selection of analyst, method, and model means that a lot of uncertainty remains hidden below the surface. To reveal this uncertainty one may use a many-analyst approach involving a number of independent analysis teams (Silberzahn et al. 2018 ), a multiverse analysis assessing the robustness of the statistical conclusions to data selection choices (Steegen et al. 2016) , and a multi-model approach that applies different statistical models, possibly combined using model-averaging (e.g., Burnham and Anderson 2002; Hoeting et al. 1999) . Regardless, whenever blinding is performed, this has to be done honestly and accurately.
Honesty
First of all, blinding brings the acclaimed virtues only when performed honestly. Claiming that you have performed analyses blinded although you peeked at the data is of course highly questionable. It is, however, not always easy to abstain from doing so. Data is most often collected in the same lab as where it is analyzed. A discussion during lunch between the data manager and the analyst might supply the analyst with information he or she did not want to know. As a partial solution to this problem, the proposed online registration of a blinding protocol increases the awareness of sticking to the rules.
Errors in analysis discovered after unblinding
Another potential problem that can occur when data analyses are designed blindly, is that they simply turn out not work when the blind is lifted. For example, in spite of a careful choice of the blinding method, the analyses turn out not to be able to account for a crucial property of the data, e.g., bimodality of a variable's distribution. Also, it is possible that simple coding errors are only discovered after the blind is lifted. Such mistakes are frustrating: the analyses cannot be interpreted as purely confirmatory anymore.
When analyses turn out not to work on the unblinded data, there are two possible solutions. First, one can simply describe what went wrong and include a description of both the planned and the corrected analyses in the manuscript. Another solution is to go one step further and get a second analyst involved and repeat the blinding procedure.
We want to stress that without blinding, the chances of ending up with exploratory analyses is much larger. Researchers often try a number of analyses on the real data before settling on the analysis to be described in the eventual article (John et al. 2012) . The analyses they eventually present should often be labeled exploratory.
Can blinding really improve reproducibility?
As noted above, analysis blinding is already being employed in other fields such as medicine and physics. Meta studies have revealed that experiments in which a blinding technique is applied show on average fewer positive results and report smaller effect sizes Bello et al. 2014 ) than experiments without a blinding procedure, although work that focuses specifically on blinded analyses (instead of blinded data collection) is rare. These results should be viewed in relation to the reproducibility project by Open Science Collaboration (2015), who reported that only 39% of the effects found in the original articles were qualitatively replicated, and that the average effect size of the replication studies was about half as large as the average effect sizes reported in the original studies. In addition, a recent study by Allen and Mehler (2019, their Fig. 1 ) showed that the percentage of null findings was dramatically higher for Registered Reports than for standard empirical research. These and other results suggest-but do not establish-that blinding (and other procedures to tighten the methodological screws) can increase the reproducibility and reliability of results reported in experimental psychology. Empirical research on the effects of blinded analysis would be highly desirable.
Get excited again
We want to finish our plea for analysis blinding on a personal note. We know many students and colleagues who analyze their data inside and out. So much time is spent on the analysis, iterating between analysis and outcome, that the eventual results can hardly be called exciting. We ourselves have had this experience too. Now, having used a blinding protocol in our own work, we have experienced how blinding can bring back the excitement in research. Once you have settled on a particular set of analyses, lifting the blind is an exciting event-it can reveal the extent to which the data support or undermine your hypotheses, without having to worry about whether the analysis was either biased or inappropriate.
Open Access This article is distributed under the terms of the Creative Commons Attribution 4.0 International License (http://creativecommons.org/licenses/by/4.0/), which permits unrestricted use, distribution, and reproduction in any medium, provided you give appropriate credit to the original author(s) and the source, provide a link to the Creative Commons license, and indicate if changes were made.
